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Abstract 
A control-theoretic, order due date deviation regulation method is presented in this paper for work systems that can dynamically adjust their 
capacity and order release times. The relationship between due date deviations and work system capacity is shown to be nonlinear and time 
varying, and a method is presented for characterizing the relationship quantitatively in real time and using this information in an adaptive 
capacity adjustment control law that maintains favorable dynamic behavior in the presence of the nonlinearities. Control theoretic analyses are 
included in the paper for designing the dynamic behavior of due date deviations and work system capacity, and results of discrete event 
simulations driven by industrial data are used to illustrate dynamic behavior. Conclusions are presented regarding the efficacy of combining 
scheduling and due date deviation regulation and the resulting tradeoffs between due date deviation and capacity. 
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1. Introduction  
Meeting customers due dates is one of the most important 
metrics in scheduling and supply chain management [1]. By 
completing orders after the due date a company might face 
penalties set by the customer or lose future business due to 
unreliability. One solution is to set due dates far into the future 
but customers can demand discounts in exchange for the 
delay. Also companies might be tempted to stock raw material 
or finished produce in order to accommodate future demand, 
but this will increase inventory cost [2]. 
Centralized control planning and scheduling has been used 
to minimize the effects of demand and improve shop floor 
effectiveness [3], but high level planning typically does not 
have the ability to react in real time to unexpected 
disturbances [4]. On the other hand, low level schedulers 
typically use centralized information to schedule the release 
time of orders, assume that there is enough capacity available 
at all times, and assume that changes in capacity can be made 
instantaneously [5]. Changeable production capacity can 
significantly improve the ability to meet order due dates when 
there are fluctuations in demand; however, in order to be 
profitable, companies need to manage their resources 
efficiently. It is desirable to minimize resources such as 
production capacity, yet customer requirements must be met 
[6,7]. Duffie et al. previously proposed a lead time regulation 
approach for adjusting production capacity to eliminate 
deviation between desired and actual lead time [8]. In work 
described in this paper, the effects of adjustments in capacity 
on scheduling of the release times of orders to production, and 
the resulting deviations from due dates were investigated 
along with influence of delays in adjustment of capacity on 
deviation from due dates. 
© 2014 Elsevier B.V. This is an open access article under the CC BY-NC-ND license 
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Previous research has been conducted in the regulation of 
Due Date Deviation (DDD), which here is the deviation of the 
time of completion of an order from the order due date. 
Arakawa et al. proposed a backward/forward simulation 
combined with a parameter space search improvement 
method, based on a shop floor model, for generating schedules 
to minimize DDD [9]. Kuo et al. used a time-buffer control 
using Theory of Constraints to regulate DDD, using first-in-
first-out and earliest-due-date scheduling heuristics, 
illustrating improvements in on-time delivery rate and average 
DDD [10]. Srirangacharyulu et al. described an algorithm for 
minimizing mean square deviation by solving a completion 
time variance problem using dynamic programming; however, 
the method was computationally intensive for a large number 
of jobs [11]. Sakuraba et al. addressed the minimization of 
mean absolute deviation from a common due date in a two-
machine shop; the authors used mixed integer linear 
programming to obtain optimal sequences [12]. 
Control theoretic approaches have been proposed as a 
means for understanding fundamental work system dynamic 
properties in regulation of backlog, Work In Progress (WIP) 
and lead time. Toshniwal et al. used discrete event simulations 
to assess the fidelity of control theoretic models of the 
dynamics of WIP regulation and capacity adjustments [13]. 
Duffie et al. used control theoretic methods to coordinate 
modes of capacity adjustment [14], and Kim and Duffie used 
control theoretic methods to analyze and design WIP 
regulation for interacting multi-work-station production 
systems [15]. 
From a strategic standpoint, there is an advantage in 
producing with an effective amount of resources while 
completing orders as close as possible to their due date. In this 
paper, an adaptive due date deviation regulation system 
topology is first presented that incorporates both work system 
capacity and order release time adjustment. For a group of 
orders, average absolute due date deviation is used as a metric 
for adjusting work system capacity, and a scheduler is used to 
adjust the release times of orders into the work system queue. 
The system tends to eliminate the difference between planned 
average absolute due date deviation and actual average 
absolute due date deviation by adjusting both capacity and 
release order times.  
First, a discrete system model is presented along with the 
equations used to regulate DDD and adjust capacity. Then, the 
relationship between capacity and DDD, and control theoretic 
analysis is used to provide guidance for setting parameters in 
DDD regulation. A discrete event simulation of DDD 
regulation driven by industrial data is described, and results 
obtained are used to illustrate the dynamic behavior of DDD 
regulation. Finally, conclusions are presented regarding the 
efficacy of combining scheduling and DDD regulation and the 
resulting tradeoffs between DDD and capacity. 
2. Due Date Deviation Regulation 
Figure 1 shows a block diagram for due date deviation 
regulation. In the diagram, the database contains incoming 
order information including name, due date and processing 
time. This information is sent to the scheduler where an 
appropriate algorithm is used to determine the release time for 
each order into the actual work system’s first-in-first-out 
queue and hence the order processing sequence.  
A model of the work system within the scheduler is used, 
for a given set of order release times, to compute the predicted 
completion time ci(kT) for each order, the due date deviation 
for each order, and the average absolute due date deviation 
DDDa(kT) for all orders currently being scheduled, which is 
then used as the feedback for making capacity adjustments: 
DDDa (kT )=
di − ci (kT )
i=1
m
∑
m
 (1) 
where di is the due date for order i, m is the total number of 
orders being scheduled, T is time period between capacity 
adjustments and k =0,1,2,3,…. Average absolute value of due 
date deviation is used as a straightforward measure of 
contention of orders for the work system resource, where 
work has units of shop calendar days (scd). If DDDa(kT) is 
greater than the planned average absolute due date deviation 
DDDp, it is desirable to increase capacity in order to complete 
orders closer to their due dates. On the other hand, if 
DDDa(kT) is less than the planned average absolute due date 
deviation DDDp, it is desirable to decrease capacity in order to 
increase due date deviation. While obtaining zero average 
absolute due date deviation would be ideal, this is not possible 
if due dates are identical, and requires unrealistically large 
capacities depending upon the mix of processing times and 
due dates when no due dates are identical. Therefore, a 
reasonable DDDp>0 is selected. 
The work station’s production capacity Ca(kT) is adjusted 
using the following equation, which has an integrating effect: 
Cf (kT ) =Cf ((k -1)T )+ Kc (DDDp −DDDa ((k − d )T )  (2) 
Ca (kT ) =Cf (kT ) -Cd (kT )  (3) 
where Kc is an adjustable due date regulation gain, dT is a 
time delay in adjusting capacity (d is assumed to be a positive 
integer) and Cd(kT) is any unexpected capacity disturbance 
such as equipment failure or worker illness. 
For a group of orders, the relationship between average 
absolute due date deviation DDDa(kT) and capacity Ca(kT) 
depends on the mix of individual order due dates and 
processing times. Figure 2 shows examples of this 
relationship for groups of orders due during two time periods 
in the data set used in simulation results presented in Section 
3. There is an inverse relationship between capacity and due 
date because, unless there is no contention for the work 
system resource, the average absolute due date deviation 
decreases as capacity is increase. In general, increasing 
capacity beyond some value will not yield practical 
improvements in due date deviation. 
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Fig. 1. Dynamic model for due date deviation regulation for a given Kc
 
 
Fig. 2. Examples of the relationship between average absolute due date 
deviation and work system capacity 
For a given capacity Ca(kT), this relationship can be 
approximated using 
DDDa (kT ) ≈ Ks (kT )Ca (kT )+DDDs (kT )  (4) 
where DDDs(kT) is the vertical axis intercept and slope Ks(kT) 
can be approximated using 
Ks (kT ) ≈
DDDa (Ca (kT )+ΔCa )−DDDa (Ca (kT )−ΔCa )
2ΔCa
 (5) 
where the production model in the scheduler is used to obtain 
predict average absolute due date deviations at two capacities 
separated from Ca(kT) by an incremental change in capacity 
∆Ca. Equations (2) through (5) lead to the following 
approximate characteristic equation for due date deviation 
regulation for a given value of Ks and d=0: 
z − (1− KcKs ) = 0  (6) 
where Kc is a given value of due date deviation regulation 
gain. At time kT, Kc(kT) can be computed from Ks(kT) to 
maintain desired approximate fundamental dynamic 
properties. When d=0, Kc(kT)Ks(kT)=1 results in approximate 
work system response to order input fluctuations and 
disturbances that is a fast as possible and has no 
overcorrection. On the other hand, when Kc(kT)Ks(kT)<1, the 
work system response is slower and can be approximately 
characterized by time constant τ in: 
Kc (kT )Ks (kT ) =1− e
− T τ( )  (7) 
Given Ks(kT), setting Kc(kT) using this relationship results 
in nearly complete work system response in approximately 4τ 
when τ≥T. At higher capacities, the slope of the curves in Fig. 
2 becomes small and the adjusted due date deviation 
regulation gain computed using Eq. (6) becomes impractically 
large. Therefore, the computed value of Kc must be limited in 
practice.  
Often, adjustments in capacity cannot be implemented on 
the same day as the desired adjustment is calculated. [15]. If 
there is a 1-day delay in capacity adjustments, d=1 in Eq. (2) 
and the approximate characteristic equation becomes 
z2 − z + KcKs = 0  (8) 
In this case, with Kc(kT)Ks(kT)=0.25, the work system 
response can be approximately characterized by time constant 
τ=1.44T and damping ratio ζ=1. On the other hand, with 
Kc(kT)Ks(kT)>0.25, the work system response is 
fundamentally oscillatory and can be approximately 
characterized by damping ratio ζ<1.  
3. Discrete Event Simulation 
Production data from a forging company that supplies 
components to the automotive industry were used in this work 
to illustrate the behavior of due date deviation regulation. 
Only orders entering one work system were considered. For 
this work system, the dataset contains the orders received and 
processed during a period of 90 shop calendar days, and Fig. 3 
shows the total amount of work in orders that are added each 
day for consideration by the scheduler (input to the 
scheduler), as well as the total amount of work in orders that 
are due each day. Approximately 20 hours of work are due 
each day, but both the work input and the work due vary 
considerably from day to day. 
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Fig. 3. Work input to scheduler and work due for each day in the dataset used 
in simulation of due date deviation regulation 
A discrete event simulation written in MATLAB® was 
used to schedule the release times for the current set of orders, 
to calculate the predicted due date deviation for that set of 
orders, and to adjust work station capacity based on average 
absolute due date deviation. Assumptions used in this 
production model included: 
• Orders had one processing step. 
• Orders could be partially completed during a day; in this 
case, work on the order resumes at the beginning of the 
next day. 
• Setup and transportation times are not considered. 
• Capacity could be added without an upper limit. 
• Capacity was adjusted at the beginning of each work day 
(T=1 scd). 
• Order due dates and processing times are constant. 
• The release time of each order into the queue at the work 
system was determined by the scheduler, and orders were 
assumed to be processed in the order in which they were 
released. 
• The initial capacity was Ca(0) = 20 h/scd, and capacity 
disturbances Ca(kT) were assumed to be zero. 
• The planned average absolute due date deviation was 
DDDp=1 scd and remained constant. 
• Orders began to be considered by the scheduler 10 days in 
advance of their planned release time. 
• The scheduler determined the actual order release time of 
orders to the queue of the work system. 
• The release time of an order continued to be (re)scheduled 
until its release time was reached; a released order was no 
longer considered in the scheduler. 
The scheduling method used in this work was the Arrival 
Time Control (ATC) algorithm described by Hong et al. [16]. 
An integral controller is used to adjust the release time of each 
order based on predicted completion times, with the goal of 
making the order’s completion time equal to its due date. The 
interactions of these integral controllers have been shown to 
produce the ideal release time for orders that have a 
combination of processing times and due dates that do not 
result in contention with other orders, given the current work 
system capacity. On the other hand, it has been shown that 
these interactions produce release times that represent a 
compromise between the due date deviations of groups of 
whose due dates are infeasible and are in contention given the 
current work system capacity. The relationships between 
orders’ subsequent release times, and subsequent deviations of 
completion times from due dates can be significantly affected 
by increases or decreases in work system capacity. 
In the following sections, results are presented that first 
illustrate average absolute due date deviation regulation 
response with no delay in capacity adjustment, d=0, and then 
with a delay of one day, d=1. Results of a sudden change in 
the mix of orders in the scheduler are then used to illustrate 
the effects of the nonlinear relationship between work system 
capacity and average absolute due date deviation shown in 
Fig. 2. 
4.  Results of Due Date Deviation Regulation 
For d=0, Figs. 4 and 5 show the capacity and average 
absolute due date deviation simulation results, respectively, 
for Kc(kT)Ks(kT)=1 and Kc(kT)Ks(kT)=0.22, and Table 1 lists 
the corresponding statistical results. As expected, due date 
deviation is lower with the higher KcKs product, but the 
standard deviation of capacity is increased, reflecting the 
larger day-to-day adjustments in capacity. 
 
Fig. 4. Work system capacity with delay d=0 
 
Fig. 5. Average absolute due date deviation with delay d=0 
Table 1. Due date deviation regulation results for ATC scheduling and d=0 
KcKs 
Average 
Ca 
Std. Dev. 
Ca 
Average 
DDDa 
Std. Dev. 
DDDa 
1 17.66 2.63 1.05 0.26 
0.22 17.29 2.11 1.22 0.45 
For d=1, Figs. 6 and 7 show the capacity and average 
absolute due date deviation simulation results, respectively, 
for Kc(kT)Ks(kT)=0.25 and Kc(kT)Ks(kT)=0.686, and Table 2 
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lists the corresponding statistical results. As would be 
expected with the additional 1-day delay in capacity 
adjustment, due date regulation performance is decreased 
compared to Figs. 4 and 5 and Table 1. Furthermore, for 
Kc(kT)Ks(kT)=0.686, the approximate damping ratio is 0.2, the 
work system capacity is fundamentally oscillatory, and 
capacity deviates more significantly from the mean than is the 
case when Kc(kT)Ks(kT)=0.25 and the system is critically 
damped and fundamentally non oscillatory. 
 
Fig. 6. Variation in capacity with delay d=1 
 
Fig. 7. Average absolute due date deviation with delay d=1 
Table 2. Due date deviation regulation results for ATC scheduling and d=1 
KcKs 
Average 
Ca 
Std. Dev. 
Ca 
Average 
DDDa 
Std. Dev. 
DDDa 
0.25 17.25 2.25 1.22 0.50 


 

   	
5. Results of Changes in Order Mix 
To further illustrate the dynamic response of due date 
regulation, Figs. 8 through 11 show the results with d=0 and 
DDDp=1.5 when the group of orders in the scheduler is 
suddenly replaced with a new group of orders on day 190. The 
relationship between average absolute due date deviation and 
capacity suddenly changes as illustrated in Fig. 2, and this is 
reflected in the change in Ks shown in Fig. 10 and the 
resulting change in Kc shown in Fig. 11. The responses of 
capacity and average absolute due date deviation in Figs. 8 
and 9, respectively, also reflect these changes, because they 
differ from the theoretical responses that would be expected 
with constant gains Kc and Ks. For example, for 
Kc(kT)Ks(kT)=1, capacity would be expected to rise in one 
step to its new value at time 190 scd, and average absolute 
due date deviation would be expected, theoretically with 
constant gains, to deviate from DDDp for only one period T at 
time 190 scd. Instead, the response is prolonged due to 
overestimation of gain Ks as capacity increases. 
 
Fig. 8. Response of work system capacity to a new group of orders in 
scheduler with d=0 
 
 
Fig. 9. Response of average absolute due date deviation to a new group of 
orders in scheduler with d=0 
 
Fig. 10. Response of average absolute due date deviation capacity gain Ks to a 
new group of orders in scheduler with d=0 
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Fig. 11. Response of due date deviation regulator gain Kc to a new group of 
orders in scheduler with d=0 
6. Conclusions 
In this paper, results of discrete event simulations and 
control theoretic modeling have been presented for regulation 
of due date deviation by adjusting work system capacity and 
order release times. It was observed that there is an inverse 
relationship between average absolute due date deviation and 
work system capacity. This relationship was repeatedly 
characterized (daily in the examples presented) using the 
results of scheduling with incremental changes in work 
system capacity. The measured approximate relationship then 
was used to calculate the current due date regulation gain that 
was expected to produce desired fundamental dynamic 
properties. Hence, due date deviation regulation was adapted 
based on the operating conditions in the work system and the 
mix of orders to be produced. 
The results obtained from discrete event simulations were 
used to illustrate the dynamic behavior of due date deviation 
and capacity in a work system with integrated scheduling, 
which makes order release time adjustments, and due date 
deviation regulation, which makes capacity adjustments. The 
responses were observed for systems with no delay, d=0, and 
delay, d=1, and different values of Kc(kT)Ks(kT), which result 
in different damping ratios and time constants. The systems 
with larger values of Kc(kT)Ks(kT) produced larger average 
capacities with more variation than lower values; however, 
with higher values, average absolute due date deviation was 
closer to plan. Hence, there is a tradeoff between capacity 
variation and due date deviation variation. 
The results from the discrete event simulation show that 
with the developed algorithm, when the mix of orders in the 
scheduler changes, the slope of the DDDa(kT) vs Ca(kT) curve 
changes resulting in a change of the control gain, thus 
maintaining desired fundamental dynamic behavior and 
adapting to varying operating conditions. This is made 
possible by control theoretic modeling. 
Further research is needed to more thoroughly characterize 
the behavior of due date regulation, especially the relationship 
between due date deviation and work system capacity, due 
dates and processing times, as well as adaptive behavior as 
capacity varies quickly and significantly with time. More 
complex due date regulation control laws may further reduce 
due date deviations, and measures of due date reliability other 
than Eq. (1) should be considered. Alternatives to the ATC 
scheduling algorithm for adjusting release times should be 
investigated; these may produce different relationships 
between capacity and due date deviation, and may be able to 
incorporate cost tradeoffs between them. 
References 
[1]  Shabtay D, Steiner G. Two due date assignment problems in scheduling 
a single machine. Operations Research Letters 2000;34:83-691. 
[2]  Yau H, Pan Y, Shi L. New solution approaches to the general single-
machine earliness-tardiness problem. Automation Science and 
Engineering, IEEE Transactions 2008;5:2:349-360. 
[3]  Leitão P. Agent-based distributed manufacturing control: A state-of-the-
art survey. Engineering Applications of Artificial Intelligence 2009;22:7 
979-991. 
[4]  Katsanos E, Bitos A. Methods of Industrial Production Management: A 
Critical Review. Proceedings of the 1st International Conference on 
Manufacturing Engineering, Quality and Production Systems 2009;1 
94-99.  
[5]  Lödding H. Handbook of Manufacturing Control: Fundamentals, 
Description, Configuration. Springer 2013. 
[6]  Institute of Management Accountants. Implementing capacity cost 
management systems. Montvale, N.J: The Institute 2000. 
[7] Delarue A, Gryp S, Van Hootegem G. The quest for a balanced 
manpower capacity: different flexibility strategies examined. Enterprise 
and Work Innovation Studies. 2006;2:69-86.   
[8] Duffie NA, Rekersbrink H, Shi L, Halder D, Blazei J. Analysis of lead 
time regulation in an autonomous work system. Proc. of 43rd CIRP 
International Conference on Manufacturing Systems 2010;53-60. 
[9] Arakawa M, Fuyuki M, Inoue IA. Simulation-based Production 
Scheduling Method for Minimizing the Due-date-deviation. 
International Transactions. Operational Research 2002;9:2:153-167. 
[10] Kuo TC, Chang SH, Huang SN. Due-date performance improvement 
using TOC’s aggregated time buffer method at a wafer fabrication 
factory. Expert Systems with Applications 2009;36:2:1783-1792. 
[11] Srirangacharyulu B, Srinivasan G. An exact algorithm to minimize 
mean squared deviation of job completion times about a common due 
date. European Journal of Operational Research 2013;231:3:547-556. 
[12] Sakuraba C.S, Ronconi DP, Sourd F. Scheduling in a two-machine 
flowshop for the minimization of the mean absolute deviation from a 
common due date. Computers and Operations Research 2009;36:1:60-
72. 
[13]  Toshniwal V, Duffie N, Jagalski T, Rekersbrink H, Scholz-Reiter,B. 
Assessment of fidelity of control-theoretic models of WIP regulation in 
networks of autonomous work systems. CIRP Annals-Manufacturing 
Technology 2011;60:1:485-488.  
[14]  Duffie N, Fenske J, Vadali M. Coordination of capacity adjustment 
modes in work systems with autonomous WIP regulation. Robust 
Manufacturing Control. Springer Berlin Heidelberg 2013:135-145. 
[15]  Kim JH, Duffie NA. Design and analysis of closed-loop capacity 
control for a multi-workstation production system. CIRP Annals-
Manufacturing Technology 2005;54:1:455-458. 
[16] Hong J, Prabhu V, Wysk R. Real-time batch sequencing using arrival 
time control algorithm. International Journal of Production Research 
2001;9:17:3863-3880. 
 
 
160 170 180 190 200 210 220 230 240 250
-8
-7
-6
-5
-4
-3
-2
-1
0
Time(scd)
K
c(k
T)
(h
/sc
d2
)
 
 
kcks = 1
kcks = 0.22
